Van Essen et al., 2012). This observation has led to an interest in cortical thickness as a potential 56 marker for functional specialization in human brain regions and in the development of disease 57 (Van Essen and Glasser, 2014) . 58 human visual areas derived from 960 participants in the Human Connectome Project (HCP). 85
The HCP is a rich resource with high-resolution MRI and state of the art pre-processing routines 86 optimized for obtaining anatomical metrics including cortical thickness. In addition to 87 presenting normative values for 25 visual areas, we show that areas are discriminable based 88 on cortical thickness with clusters along the dorsal and ventral pathways, that inter-subject 89 variability in cortical thickness is stable across visual areas, and that within-subject variability 90 is consistent both within and across visual areas. This resource, publicly available on 91 https://ivanalvarez.github.io/NormativeCorticalThickness, can provide a baseline range of 92 values for healthy adult cortical thickness, for researchers wishing to conduct cortical thickness 93 studies in specific populations. 94 (release date 01-03-2017). We selected participants who met the following criteria; (1) a 98 complete 3T MRI structural imaging protocol, (2) data processed with the MSMAll registration 99 algorithm (Glasser et al., 2016) , and (3) no monozygotic twin pair also present in the sample. 100
Materials and Methods
Of the participants who met criteria (1) and (2), 286 individuals had a monozygotic twin who 101 was also present in the database with zygosity confirmed with genetic testing. We therefore 102 excluded 143 participants, retaining one participant from each monozygotic twin pair. All 103 dizygotic twin pairs and individuals who self-reported as twins, but were later not confirmed 104 via genetic testing, were retained in the sample. The final sample consisted of 960 participants. 105
The sample has a narrow age range (22 -37 years), is gender balanced (1 male : 1.17 female) 106
and is drawn from a population with varied demographic, phenotypic and genotypic 107 backgrounds, making it ideal as a baseline for a young adult population more broadly. 108
Imaging data 109
MRI data were acquired and pre-processed by the HCP consortium . 110
Structural T1-weighted and T2-weighted images were acquired on a custom Siemens Skyra 3T 111 scanner with sequence parameters optimized for cortical surface reconstruction (Glasser and 112 Van Essen, 2011). In brief, T1-weighted images were acquired with a 3D MPRAGE sequence at 113 0.7 mm isotropic resolution, and T2-weighted images were acquired with a variable flip angle 114 turbo spin-echo at 0.7 mm isotropic resolution, in addition to B0 field maps acquired at 2mm 115 isotropic resolution. Images were pre-processed to correct for distortions introduced by 116 gradient non-linearities, remove readout distortions, correct for bias field distortions and align 117 the images to the MNI space template (Glasser et al., 2013; Goldsmith, 2006; Jenkinson et al., 118 2002; Ugurbil et al., 2013) . Next, both T1-weigthed and T1-weighted images were used 119 to segment the cortical gray and white matter, and a cortical surface reconstruction generated 120 with FreeSurfer (Dale et al., 1999; Fischl, 2012; Fischl et al., 1999) . Morphometric parameters 121 are derived from the surface reconstruction, with cortical thickness estimated as the geometric 122 distance between the white and grey matter surfaces. Finally, the native-space surface meshes 123 were registered to the 164k_fs_LR template space (Glasser et al., 2013) Probabilistic maps for visual area locations were summarized as maximum probability maps 137 (MPM), where each visually-responsive vertex is assigned membership to a single visual area 138 (selection algorithm described in (Wang et al., 2015) . Standard space MPMs were projected in 139 a concatenated two-step registration, first to fsaverage space in FreeSurfer, and then to the HCP 140 164k_fs_LR template. Resulting MPMs are shown in Figure 1 . Individual visual area definitions 141
were subsequently used to sample cortical thickness metrics for each HCP subject. 142
Experimental design and statistical analysis 143
Surface-based measures of curvature-corrected cortical thickness (corrThickness_MSMAll) 144
were extracted for each subject in 25 regions of interest covering human visual areas that 145 display retinotopic organization. Visual areas were defined by their maximum intensity 146 projection in the (Wang et al., 2015) atlas, and common vertices were assigned to the label with 147 the highest probability. For each area, the mean cortical thickness across vertices was 148 calculated for each subject across both hemispheres, and the standard deviation of the mean 149 taken as a measure of within-subject variability. 150 The group distributions of mean cortical thickness were fitted with a one-dimensional 157
Gaussian model to obtain standardized population parameters for each visual area. Deviations 158 from the normal distribution were assessed with the Anderson-Darling test, with FDR 159 correction for multiple comparisons. The model goodness of fit was assessed with the 160 coefficient of determination (R 2 ) sampled in 100 bins across subjects. The effects of 161 demographic factors on mean cortical thickness were assess with a mixed-factorial ANOVA (3 162 factors), with age and gender as between-subject factors and visual area as the within-subject 163 independent factor. 164
Within-subject variability in the cortical thickness was assessed by subjecting it to a ANCOVA, 165 with visual area as the within-subject factor, subject identity as the between-subject factor, 166 while controlling for mean cortical thickness. Reliability of the within-subject mean cortical 167 thickness estimate was assessed with a leave-p-out resampling procedure (Celisse and Robin, 168 2008). In a given visual area, 90% of vertices were drawn with no replacement and averaged 169 to create one sample. For each subject 1,000 samples were obtained, and the span of the 95% 170 confidence interval over the resampled means was then taken as the reliability estimator. 171
Hemispheric asymmetric in cortical thickness was assessed with the two-way, single score 172 interclass correlation coefficient (ICC) (McGraw and Wong, 1996) . Within-subject agreement 173 was obtained by comparing left and right hemisphere cortical thickness within subjects. 174
Between-subject agreement was obtained by comparing the left (and right) hemisphere 175 cortical thickness of each subject against the matching hemisphere from every other subject. 176
In addition, a hemispheric bias metric was calculated by subtracting the mean cortical 177 thickness, in mm, for the left hemisphere against the right hemisphere, in each subject, in each 178 visual area. Hemispheric biases were assessed with a series of one-sample t-tests to ascertain 179 if the mean bias across participants originated from a distribution with a mean of zero. FDR 180 correction for multiple comparisons was applied. 
Between-subject variability in visual area cortical thickness 214
Establishing a baseline for between-subject variability in cortical thickness is critical for 215 statistical assessment in small-sampled studies. The large sample size of the HCP dataset allows 216 us to estimate the inter-individual variability in cortical thickness across an adult population 217 with varied demographic backgrounds, as a benchmark for studies of cortical thickness. 218
Surface-corrected mean cortical thickness estimates for each subject, at each visual area across 219 both hemispheres, are shown in Figure 3A . Here, we observe the group variability in cortical 220
thickness is approximately normally distributed in all regions of interest (see Appendix A for 221 quantile-quantile plots). Therefore, we summarize the group distribution as a one-dimensional 222
Gaussian function, also shown in Figure 3B . 223
In order to assess if cortical thickness estimates are adequately described by the normal 224 distribution, we applied the Anderson-Darling test at each visual area. Twenty-one regions of 225 interest conformed to the normal distribution, with areas VO1, TO1, IPS4 and SPL1 showing 226 significant deviations from normality (FDR-corrected p < 0.05, see Appendix B). A two-227 parameter Gaussian model was fitted, estimating mean cortical thickness peak and dispersion. 228
Performance of the Gaussian model was assessed with the coefficient of determination (R 2 ), 229 calculated over 100 equally spaced bins for each visual area (see Table 1 ). The model explained 230
≥82% of variance in all regions of interest, including regions registered as non-normally 231
distributed VO1 (92%), TO1 (91%), IPS4 (87%) and SPL1 (88%). 232 We assessed whether the cortical thickness in left and right hemispheres of a given subject are 252 more similar than two matching hemispheres from two unrelated subjects. The absolute 253 agreement in cortical thickness was assessed with the two-way, single score interclass 254 correlation coefficient (ICC) (McGraw and Wong, 1996) . First, the within-subject agreement 255 was obtained by comparing left and right hemisphere cortical thickness within subjects. 256
Second, the between-subject agreement was obtained by comparing the left (and right) 257
hemisphere cortical thickness of each subject against the matching hemisphere from every 258 other subject. Across visual areas, the within-subject agreement was good (ICC = 0.78), while 259 the between-subject agreement was poor (ICC = 10 -6 ). This result confirms the intuition that 260 cortical thickness in the left and right hemispheres is more similar within an individual than 261 matching hemispheres are across individuals. 262
Following this, hemispheric bias was calculated as the difference in mean cortical thickness 263 between the left and right hemispheres, with positive bias indicating thicker cortex in the left 264 hemisphere and negative bias indicating thicker cortex in the right hemisphere ( Figure 4) . 265
Hemispheric bias was assessed with independent one-sample t-tests to test if the distribution 266 of biases across participants originated from a distribution with a mean of zero. Of 25 visual 267 areas sampled, 18 displayed significant hemispheric asymmetry (FDR-corrected p < 0.05, see show areas that significantly deviate from hemispheric symmetry. Areas V3d, PHC1, 277 IPS2, PS3 and IPS3 showed significant bias for the left hemisphere. Areas PHC2, V3d, 278 V3B, and IPS0 showed significant bias for the right hemisphere. * = medium effect size, 279 ** = large effect size. 280
Age and gender correlates 281
One factor that predicts cortical thickness is a person's age. Beyond the initial cortical 282 2010; Wierenga et al., 2014) . In order to assess these influences, we examined mean cortical 288 thickness in each region of interest with a mixed ANOVA model, with age in years and self-289 reported gender as between-subject variables and visual area as the within-subject variable. 290
There was a significant, albeit small, effect of age (F(15, 929) = 2.07, p = 0.009, η² = 0.03), with 291 a mean decrease in cortical thickness of 0.002 mm (± 0.001 SD) per year. This effect is 292 comparable to previous reports of cortical thinning due to normal aging (e.g. (Salat et al., 2004) . Madan and Kensinger, 2017), as well as within the reliability estimates for this dataset (see 296 Figure 6 ), and must therefore be interpreted with caution. 297
We detected no effect of gender (F(1,929) = 0.12, p = 0.729, η² = 10 -3 ), and no interaction 298 between age and gender on cortical thickness (F(14,929) = 1.27, p = 0.219, η² = 0.02). Summary 299 plots of age and gender effects shown in Appendices D and E, respectively. 300
Within-subject variability in visual area cortical thickness 301
The estimation of cortical thickness in a cortical area typically involves assessing the distance 302 between white matter and cerebrospinal fluid at each vertex of the cortical surface. While the 303 individual vertex estimates are unreliable in isolation, over the extent of a region of cortex they 304 form a reliable indicator of the average cortical thickness for that region. However, the within-305 subject variance for the same cortical region is an informative metric, as it allows us to assess 306 the reliability of the average estimate. Here, we assess the within-subject variability of cortical 307 thickness estimates within each visual region. 308
We wish to address two questions; first, is within-subject variability comparable across 309 subjects? Second, are the individual mean cortical thickness estimates reliable? 310
To answer the first question, we looked at the standard deviation of cortical thickness within 311 subjects. For a given visual area, each vertex contains an independent estimate of cortical 312 thickness for that region, and therefore variability in the estimate is observable within areas, 313 on an individual basis. Figure 5 shows the standard deviation of vertex-wise cortical thickness 314 on a subject-by-subject basis. The standard deviation of the within-subject estimate was also 315 assessed with a ANCOVA model, introducing subject identity as the between-subject variable, 316 visual area as a within-subject variable while controlling for mean cortical thickness. No main 317 effect of subject was found (F(1, 934) = 0.11, p = 0.7417, partial η² = 10 -6 ), indicating the 318 variance in the cortical thickness estimate is consistent across the HCP population. A significant 319 main effect was observed for visual area (F(24, 934) = 543.33, p = 10 -16 , partial η² = 0.35). This 320 highlights that some regions, particularly the parahippocampal areas PHC1 and PHC2, contain 321 more variability in cortical thickness, either due to true differences in cortical thickness within 322 the cortical areas, or due to unreliability in measurement at this anatomical locus. Finally, no 323 significant interaction effect between visual area and subject was detected (F(24, 934) = 0.61, 324 p = 0.929, partial η² = 10 -3 ), showing that despite variability between visual regions, cortical 325 thickness variance is consistent across subjects. The second question addresses the issue of reliability in the subject-level outcome measure for 333 each visual area, the mean cortical thickness. If a small number of outlier values strongly skews 334 the mean cortical thickness, the outcome measure becomes unreliable. In order to assess the 335 effect of outliers, a leave-p-out resampling procedure (Celisse and Robin, 2008) was used where 336 for each visual area, 90% of vertices were drawn without replacement and averaged to create 337 a sample of cortical thickness. For each subject, 1,000 samples were drawn and the span of the 338 95% confidence interval taken as an estimator of within-subject reliability ( Figure 6) . 
Population estimates of cortical thickness 375
Accurate estimation of the natural distribution of cerebral cortical thickness in the population 376 at large is important for studies wishing to compare cortical thickness measured in special 377 populations against a normative baseline. This dataset serves as a baseline for such studies. complex intra-area variability in neuronal density, and of potential interest for further study. 404
Clinical relevance 405
There are a number of ways in which this type of data can be useful to the interpretation of 406 clinical data. Visual conditions that affect the cortex rather than the retina can be difficult to 407 investigate, particularly when V1 is not affected. Where dysfunction is at the level of V1 or 408 earlier in the visual hierarchy, the resulting visual complaint is usually a loss of visual field. In regions of the visual cortex that are more affected, and therefore could provide additional data 422 to assist with diagnosis. 423
Compatibility with outside-sample estimates 424
An important consideration for investigators who wish to use the present study for normative 425 purposes, is whether the values reported here are comparable with other cortical thickness 426 estimates performed outside the context of the HCP. We highlight three relevant 427 considerations; (1) the particular MRI scanner and imaging sequence used, (2) the analysis arising at the analysis stage are more easily addressed, either by minimizing discrepancies 443 between the analysis pipeline and that of the normative dataset, or in the case of systematic 444 relationships between pipelines, by applying a scaling factor (Redolfi et al., 2015) . Finally, the 445 investigator may wish to examine group differences between a special population, e.g. a clinical 446 group, and the normative data presented here. In such cases, attention must be paid to group 447 differences extraneous to the variable of interest, such as participant motion in the scanner 448 (Reuter et al., 2015) , participant age range, and any issues that may selectively affect the 449 accuracy of region of interest localization in one group over the other. Close consideration of 450 these factors will help the investigator determine if statistical comparison with the normative 451 sample presented here is appropriate. Nonetheless, in cases such as posterior cortical atrophy, 452 or cortical visual impairment, the within-subject difference in cortical thickness between visual 453 areas may still be used to indicate those deviating from healthy values. 454
Conclusions 455
We present a normative dataset of cerebral cortical thickness for human visual areas in a large 456 sample population in the HCP, with the aim of creating a common baseline for studies of cortical 457 thickness in special populations of interest. Across this large population, thickness varies 458 systematically with cortical visual hierarchy, consistent with the dorsal/ventral organization of 459 the visual system. Moreover, cortical thickness is well described by the normal distribution 460 across visual areas and presents consistent within-subject variability and reliability. Cardinale, F., Chinnici, G., Bramerio, M., Mai, R., Sartori, I., Cossu, M., Russo, Lo, G., Castana, L., 519
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